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Abstract: Addressing the challenge of trajectory drift in visual Simultaneous Localization and Mapping
(SLAM) due to point features in texture-deficient indoor settings, this study introduces a binocular visual
SLLAM system that combines point and line features. It emphasizes the extraction and matching of line fea-
tures within binocular visual SLAM. An enhanced line feature extraction technique, based on the Line Seg-
ment Detector (LSD) algorithm, is proposed. This includes improvements like length and gradient filter-
ing, and the amalgamation of short lines. Additionally, the matching issue is redefined as an optimization
challenge, creating a cost function based on geometric constraints. A novel, efficient line segment triangu-

lation approach, leveraging the LL1-norm sparse solution, is developed for effective line matching and trian-
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gulation. Experimental evidence shows that our method surpasses traditional descriptor-based approaches

across various datasets, especially in texture-sparse indoor areas, achieving a remarkable average matching

accuracy of 91.67% and a swift average matching time of 7.4 ms. Employing this technique, our binocular

visual SLAM system records positioning errors of 1.24, 7.49, and 3.67 m on texture-sparse datasets, out-

performing leading algorithms like ORBSLLAM2 and PL-SILAM in positioning precision.

Key words: binocular vision; line features; vision simultaneous localization and mapping; feature

matching
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Fig.1 Framework of binocular vision odometer system integrating point and line features
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Fig.2 Line feature triangulation method
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(b) Line feature extraction result of improved LSD algorithm
proposed in this article
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Tab.1 Comparison between proposed method and line segment matching method based on LBD
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Pt W M/ R REE/% MR RE/% O RE/% RE/%
KITTI/seq 00 86 66 59 51 45 72 78 81
KITTI/seq 01 91 71 67 56 56 70 85 87
KITTI/seq 02 92 62 71 49 62 77 80 82
KITTI/seq 03 88 63 73 59 58 72 79 82
KITTI/seq 04 79 69 64 45 63 73 77 79
Euroc/VR 01 80 70 58 51 51 86 90 91
Euroc/VR 02 83 83 51 66 44 88 91 93
EuRoC/MH 01 93 78 71 60 57 78 83 85
EuRoC/MH 02 99 71 79 61 68 72 80 82
[ 55 SO B G 4 45 72 39 56 32 87 90 91
Rk(:N 84 71 63 55 54 79 83 85
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